Motivation: Expression quantitative trait loci (eQTLs), variations in the genome that impact gene expression, are identified through eQTL studies that test for a relationship between single nucleotide polymorphisms (SNPs) and gene expression levels. These studies typically assume an underlying additive model. Non-additive tests have been proposed, but are limited due to the increase in the multiple testing burden and are potentially biased by filtering criteria that relies on marginal association data. Here we propose using combinations of short haplotypes instead of SNPs as predictors for gene expression. Essentially, this method looks for genomic regions where haplotypes have different effect sizes. The differences in effect can be due to multiple genetic architectures such as a single SNP, a burden of rare SNPs, multiple SNPs with independent effect or multiple SNPs with an interaction effect occurring on the same haplotype. Results: Simulations show that when haplotypes, rather than SNPs, are assigned non-zero effect sizes, our method has increased power compared to the marginal SNP method. In the GEUVADIS gene expression data, our method finds 101 more eGenes than the marginal method (5,202 vs. 5,101). The methods do not have full overlap in the eGenes that they find. Of the 5,202 eGenes found by our method, 707 are not found by the marginal method-even though it has a lower significance threshold. This indicates that many genes have regulatory architectures that are not well tagged by marginal SNPs and demonstrates the need to better model alternative architectures.
Introduction
[22, 23, 24] . Other work has found evidence of haplotype effects when using a In this work we present a new method (HapSet) for investigating haplo-31 type effects on phenotype. While our method can be applied genome-wide 32 with only a small increase in the computational burden, we apply it to gene 33 expression data in order to test it against thousands of phenotypes. We types. In order to use the marginal SNP method as a subset of our method, 42 we force our method to include haplotype sets defined by the presence or 43 absence of an alternate allele at specific SNP locations. Our method is not 44 biased by filtering or variant selection that utilize marginal test statistics 45 since it determines haplotype sets independent of the expression data. We 46 compute significance thresholds for the haplotype set tests in order to control the family-wise error rate (FWER) at desired levels.
48
We simulate gene expression assuming five underlying architectures: sin- higher power due to a less stringent significance threshold. We expect this 54 result since the SNP method is a subset of the HapSet method. For example, 55 when a single common SNP accounts for 5% of the variance in phenotype, the 56 SNP method has 78% power while the HapSet method has 71%. However, 57 when the underlying model is based on a random set of haplotypes assigned 58 the same non-zero effect size, the HapSet method has 71% power compared 59 to the SNP method that only has 56%. This demonstrates that there is in-60 sufficient SNP density to tag many of the possible haplotype combinations.
61
We apply our method to find eGenes with the GEUVADIS data using ex- 
Here I h i (g j ) = 1 is equal to 1 if h i contains an alternate allele at The haplotype set (HapSet) method fits an additive model similar to
117
Equation 3 118
where g H is a pseudo-genotype for the number of haplotypes an individual 119 carries that are members of a set H of haplotypes (see Section 2.5). β H is 120 the difference between the average effect size of haplotypes in set H and the 121 average effect size of haplotypes not in set H (i.e. in set H c )
122
Here h i (H) and h i (H c ) are equal to 1 if haplotype h i is a member of z
which asymptotically follows a normal distribution with variance 1 and a 129 non-centrality parameter given by
Since the E(β) = β, under the marginal SNP method, testing the SNP
131
with the largest β g after standardizing g j will result in the largest association We force the marginal SNP method to be a subset of the HapSet method.
150
For each SNP with minor allele frequency > 0.05, we define all haplotypes 151 with an alternate allele at the SNP location to be in set H and all haplotypes 152 with the reference allele at the SNP location to be in set H c .
Power simulations
We simulate four causal architectures using genotype data from chromo- increases as the variance due to the underlying genetic architecture increases.
198
The discovery rate of the SNP method is slightly superior to that of the HapSet method when the underlying model is based on common SNPs (see 200 Figure 1 and Table 2 ). However, if the underlying model is a single "rare" Table 2 : Discovery rate (±2SE) of the marginal SNP and HapSet methods when h 2 = 0.05. The marginal SNP method outperforms the HapSet method when the underlying genetic architecture is based on SNPs. The exception is when the underlying architecture is based on a 'rare' SNP with allele frequency between 0.01 and 0.05. When the architecture is based on haplotype sets, the HapSet method strongly outperforms the SNP method. When the haplotype sets and SNPs within 10kb of the simulated casual haplotype set are not included in the data for testing (masked), the HapSet method still outperforms the SNP method. This indicates that there is not enough SNP density to tag some haplotype combinations.
Analysis of GEUVADIS data

210
We apply the two methods to the GEUVADIS gene expression data. Fol-
211
lowing the GEUVADIS analysis, we regress expression on the genotypes or HapSets (both standardized to mean 0 and variance 1) while controlling for 213 the top three genotype-based PCs [7] . We use the 18,621 genes that passed 214 the filtering criteria. We report in Table 3 the number of eGenes found by the 
217
When controlling for a 0.05 FWER, the two methods found 4,495 overlap-218 ping eGenes (see Table 3 ). The HapSet method also found 707 eGenes that 219 were not detectable using genotype data. Since the SNP method is a subset 220 of the HapSet method, yet has a less stringent significance threshold, this in- 
